Reference region (RR) approaches (RRAs) for positron emission tomography (PET) brain studies aim to obtain full quantification without arterial input function (IF) sampling, an invasive and costly procedure. Although they need a reliable RR and are only able to estimate the nondisplaceable binding potential (BP ND ), RRAs are widely used. If quantitatively reliable, then RRAs can greatly benefit PET investigations, but their suitability can vary widely from radioligand to radioligand. This study compares estimates of BP ND both using IF data and several common RRAs on an extensive data set for each of several radioligands. In addition, two new methods, likelihood estimation in graphical analysis with RR and a bootstrapping algorithm for estimating precision, are presented here for the first time. Although many factors contribute to the performance of each RRA, our results suggest that the kinetics in the RR have a role. In particular, RRAs tend to be good when (1) the RR distribution volume is high; (2) the transfer rate constant from plasma to free compartment in the RR is high; and (3) the transfer rate constant from free to plasma compartment in the RR is low. 
INTRODUCTION
Positron emission tomography (PET), a nuclear imaging technology that uses radioactively labeled molecules (i.e., radioligands) for quantifying and visualizing in vivo biologic processes, represents an invaluable tool for assessing the pathology of several brain disorders. Full quantification in PET, particularly with new radioligands, involves determining the free (unbound to plasma proteins) radioligand concentration in the arterial plasma-the input function (IF)-to quantify the tissue radioligand uptake and separate tissue binding from delivery and blood flow effects. Input function is typically obtained by inserting a catheter into the subject's radial artery, collecting blood samples at several times during the scan, and measuring the radioligand concentration. If the radioligand metabolizes in the body, then several of these samples also undergo metabolite analysis to determine the fraction of unmetabolized parent compound to correct the IF accordingly (i.e., metabolite-corrected IF, cIF). This procedure is invasive and costly. It tends to deter subjects' participation and requires highly specialized medical staff and equipment to perform blood analysis.
For all these reasons, much effort has been devoted to obtaining fully quantitative PET imaging without cIF, including the development of reference region (RR) approaches (RRAs), such as full (FRTM) [1] [2] [3] and simplified reference tissue model (SRTM), 4 Logan RR, 5 and multilinear reference tissue models (MRTMs). 6, 7 Reference region approaches do not require arterial sampling by forming an inferred relationship between regions, based on the fact that such regions share the cIF, and assuming that the radioligand nondisplaceable volume of distribution (V ND ), ideally the volume of distribution (V T ) in an RR devoid of specific binding, is constant throughout the brain.
In order for the approach to be valid, RRAs require the identification of a reliable RR devoid of specific binding and invariant between groups, 8, 9 which does not exist for many radioligands. For example, many of the purported RRs used for the serotonin 5-HT 1A receptor have actually been shown to differ between groups. Parsey et al 10 suggested that RRAs could not be used to detect differences in 5-HT 1A receptor density between men and women, since the latter show higher V T in the RR (V T,RR ), and differences in the RR were also found between depressed patients and healthy controls. 11 For the serotonin transporter, Oquendo et al 12 found that V T,RR (cerebellum, CER) was higher in healthy controls than in bipolar patients: if the V T,RR in CER is considered as the common V ND , then this difference affects the following estimation of PET outcomes, thus confounding the results interpretation.
Furthermore, RRAs cannot estimate the radioligand V T or binding potential BP F , that is the ratio at equilibrium of specifically bound radioligand to free radioligand in tissue, assumed to equal the free concentration in plasma: BP F ¼ B available /K D ¼ (V T À V ND )/f P , where B available is the subset of receptors available to bind to the radioligand, K D the dissociation constant (i.e., inverse of the radioligand affinity), and f P the fraction of radioligand not bound to plasma proteins. 8 RRAs can only estimate the nondisplaceable binding potential (BP ND ), which is the ratio at equilibrium of specifically bound radioligand to nondisplaceable radioligand in tissue: BP ND ¼ f ND B available /K D ¼ (V T À V ND )/V ND , where f ND is the radioligand-free fraction in the nondisplaceable compartment.
f ND , assumed to be equal in receptor-rich and receptor-free regions. Furthermore, effective use of BP ND as an outcome measure depends most heavily on the assumption that nondisplaceable uptake is independent of subject groups or treatment effects. 8 Despite these limitations, RRAs have been widely adopted in PET for their ease of use. According to PubMed, over 50 PET articles were published between 2006 and 2010 that use SRTM for clinical investigation. Logan RR is the second most adopted RRA (over 30 articles), followed by MRTMs (over 20). Given their extensive application, it is fundamental to establish when it is appropriate to use RRAs, and determine which of several RRAs is best for which radioligand. It is not our intention to favor cIF quantification over RRAs, as the latter are indeed a very useful tool, but occasionally they can obscure important information and give different results from those obtained by cIF quantification. It is recognized that cIF quantification does not represent a canonical 'gold-standard', as it introduces two additional data sources (i.e., metabolites and plasma, each measured with noise) that add extra uncertainty in the outcomes estimation. However, the relative effect of this additional noise may not be large since both data sources enter the kinetic model in the form of a parametric function, which can differentially weight each data point according to its variability in terms of measurement errors (the higher the variability, the lower the weight). Furthermore, cIF quantification still represents the best we can currently achieve for group comparisons in the analysis of PET data in the absence of true RRs.
As a comprehensive comparison of RRAs on a common data set has been so far missing in the literature, this study applies cIF analysis and RRAs to an extensive PET data archive, which includes collected cIF data for radioligands commonly used by investigators to target the serotonin 5 ). This study is also a comparison between 'direct' and 'indirect' quantification of the same outcome. Under typical assumptions, BP ND can be directly calculated only from brain data using RRAs, but it can also be calculated indirectly from V T values measured with cIF quantification.
As one of the RRAs, the RR version of the likelihood estimation in graphical analysis (LEGA 13 ) is here for the first time presented at both the region of interest (ROI) and voxel level. Furthermore, the use of bootstrap errors 14 is introduced for RRAs to assign measures of precision to the BP ND estimates.
MATERIALS AND METHODS Subjects
In all, 209 subjects studied with [ 11 The entire data set was considered at every step during the analysis. The Institutional Review Boards of Columbia University Medical Center and New York State Psychiatric Institute approved the protocol. Subjects gave written informed consent after receiving an explanation of the study.
Positron Emission Tomography Protocol
Radioligands preparation, emission data acquisition and reconstruction, cIF determination and fit were obtained as previously described for [ 11 
Reference Region Approaches
Full reference tissue model. Although the first proposed RRA, FRTM [1] [2] [3] has not been widely used in PET investigations due to poor convergence and computational time issues related to its relatively large number of free parameters and the noise present in the TACs. However, with increased computational power, a conservative constraint of some of these parameters (details below) allows now for an easy implementation of FRTM.
Assuming a one-tissue (1TC) and a two-tissue compartment (2TC) model for RR and target region, respectively, FRTM describes the total radioligand concentration time curve in the target region, C T (t), and in the RR, C R (t), through a set of linear differential equations, linking these concentration to cIF. The coefficients of these equations are (combination of) the transfer rate constants from plasma to free (K 1 ), free to plasma (k 2 ), free to specifically bound (k 3 ), and specifically bound to free compartment (k 4 ), respectively; and of the transfer rate constants from plasma to RR (K' 1 ), and vice versa (k' 2 ).
Assuming V ND is constant throughout the brain (
, a relationship is derived that links C T (t) to C R (t) without involving cIF:
where
, and indicates the convolution operator. Using standard nonlinear regression techniques, R 1 , k 2, k 3 , and BP ND ¼ k 3 /k 4 are estimated from C T (t) and C R (t).
In our implementation, estimates of R 1, c, and d, all positive by definition, are constrained accordingly.
Simplified reference tissue model. It was developed to improve FRTM slow convergence rates and the large variability of the estimates. 3, 4 If the kinetics in the target region can be fitted satisfactorily with 1TC, then SRTM simplifies FRTM yielding:
and BP ND are estimated from equation (2) using standard nonlinear regression.
Logan reference region. Logan graphical analysis
27 is based on the following transformation of C T (t) and cIF (C p (t)):
For t sufficiently large (t4t * ), V T can be estimated as the slope b of the (3) is applied to the RR, then R t 0 C p ðtÞdt can be expressed in terms of C R (t) (or its integrals) and replaced in equation (3):
If the ratio C R (t)/C T (t) is reasonably constant over time, then Logan RR estimates BP ND from the slope of the
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In this study, a common value for t * (across ROIs or voxels, within the same radioligand) was chosen consistently with previous publications with the radioligands: this resulted in using the last eight frames for [ 11 (3) can be applied to both target region and RR for times in which the radioligand transport from plasma to tissue is unidirectional, thus yielding equation (4) . Provided that Multilinear reference tissue model. MRTM 7 was proposed to overcome the bias of MRTMo estimates. 7, 28 Ordinary least squares parameter estimation assumes that the independent variables are noise free. However, equation (4) contains a noisy term, C T (t) in the independent variables, and the noise in the dependent and independent variables is correlated. Knowing that g' ¼ À 1/k' 2 , equation (4) was arranged to yield:
where C T (t) in the independent variables is replaced by its integral, which typically has much lower percent variation, 29 and the noise correlation in the dependent and independent variables is reduced. Nondisplaceable binding potential is calculated from the two regression coefficients
Multilinear reference tissue model 2. By using equation (5), for each target region a different k' 2 is estimated as y 1 /y 3 , where
theoretically there is only one true k' 2 value. MRTM2 (ref 7) fixes k' 2 to a value obtained from preliminary analysis to reduce the number of free parameters:
enables to estimate y 1 and y 2 , and calculate BP ND as with MRTM.
Likelihood estimation in graphical analysis with reference region. LEGA 13 is an alternative approach to estimate the parameters in equation (3) . It incorporates specific assumptions made on the measurement noise and gives optimal estimators of the slope b based on likelihood theory, thus yielding approximately unbiased V T estimators. 25 It has been validated with [
11 C]DASB test-retest data, proving to be the method of choice, 15 and started to be considered as a viable alternative to traditional graphical analysis. 30 It is based on a rearrangement of equation (3): optimal weights w i should be inversely proportional to the variances s (4) can be rewritten as:
with 
and Y Ã i , a system of equations is obtained:
" # À :::
In the implemented algorithm, Y (9)); then the maximum Comparing reference region approaches in PET F Zanderigo et al likelihood estimator of Y Ã i is determined by minimizing, using 10% of the target regions, the quantity Voxel. For each radioligand, 10 subjects were randomly selected, as an exhaustive analysis on the whole data set was prohibitive in terms of computational demand. The BP ND,REF images were generated with SRTM, Logan RR, LEGA RR, MRTMo, MRTM, and MRTM2 (average). We considered the SRTM implementation by Gunn et al, 33 which, by using a set of basis functions and enabling parameter bounding based on a priori knowledge of each radioligand, is more stable and faster than nonlinear least squares estimation. Full reference tissue model and MRTM2 (median) were not considered because of convergence issues (FRTM cannot be efficiently applied at the voxel level), and redundancy with the MRTM2 (average) results, respectively.
Results were compared for each radioligand across subjects using: (1) r between BP ND,IF (from ROI) and the average of the BP ND values estimated within each target region from the images (BP ND,im ); (2) slope and intercept of the weighted regression line (BP ND,IF the independent, BP ND,im the dependent variable); the squared reciprocals of the standard deviation (SD) of the BP ND values estimated within each target region from the images were used as weights; (3) CV of the BP ND values (calculated from the SD).
Outlier detection. At both ROI and voxel level, first a weighted regression line was fitted by considering BP ND,IF and BP ND,REF (or BP ND,im ) in all target regions and subjects for each radioligand. Weighted studentized residuals were then calculated asê i /ŝ ffiffiffiffiffiffiffiffiffiffiffiffi ffi 1 À h ii p À Á , whereê i is the i th residual,ŝ an appropriate estimate of the residuals SD, and h ii the i th diagonal entry in the hat matrix. Any estimate with absolute studentized residual over 3 was excluded from the following weighted regression analysis, whose results are reported here together with the percentage of outliers excluded.
Criteria and presentation of the results. We report several indices that can help other investigators selecting the most suitable RRA for their studies. When compared with cIF results, we would expect a good RRA to have high correlation (i.e., RRA results match the corresponding cIF ones as closely as possible) and accuracy (i.e., low bias in the estimates). In addition, a good RRA should have high precision (i.e., low CV) and it should also not result in many outliers. Often a single RRA does not meet all these requirements, so compromise is necessary in practice. For example, with a small data set, RRAs with a low percentage of outliers might be preferable, while accuracy and correlation are more important when replicating or consolidating results previously obtained with cIF quantification; precision is important for PET studies involving multiple scans on the same subject (e.g., occupancy studies).
The following sections focus mostly on the results obtained by RRAs meeting specific minimum performance levels: correlation r higher than 0.5; slope between 0.7 and 1.3 (i.e., maximum relative bias of 30%); median PD lower than 50%; and percentage of outliers lower than 2%. These thresholds were independently selected a priori across radioligands and RRAs, based on our experience with PET data analysis. However, as the assessment of a given RRA performance also depends on factors such as study design and overall goal, we made available (Supplementary Material) all the results for each radioligand and RRA. Table 1 , MRTM performs similarly to FRTM and SRTM in terms of correlation (0.973), accuracy (slope: 0.947; median PD: B7.2%), and precision (median CV: B0.14), at the price of the highest percentage of outliers for this radioligand (1.83%). Logan RR shows the worst slope and median PD, although the lowest median CV. Correlation values are high across the RRAs. Table 1 , MRTM2 methods show the highest correlation and PD; in terms of slope and CV, they perform better than MRTM but worse than SRTM, at the price of higher percentage of outliers. 
RESULTS

Region of Interest Analysis
DISCUSSION
Region of Interest Analysis
We consider the RRAs performance from two perspectives: for each radioligand, we summarize which methods tend to provide good estimates; and for each method, we summarize its performance on the various radioligands.
Radioligands perspective. According to our criteria and the results obtained, the radioligands considered here tend to cluster into two groups based on the average performance achieved by the various RRAs with these radioligands, and their RR kinetic behavior. 34 which requires just one arterial blood sample.
Trends in the reference region approaches. The same 'groups' can be seen when sorting the considered radioligands according to the average values of K' 1 and V T,RR (as estimated by 1TC with cIF) across all subjects within the same radioligand. The average V T,RR is relatively high for [
11 C]DASB (9.49±1.94; SD values across all subjects within the same radioligand), [ 11 C]CUMI (6.29 ± 2.51) and, to a certain degree, [ Supplementary Figure B) . It is not unexpected that no trend seems to be present for the precision, which is more likely to be affected by the noise in the TACs.
According to the reported criteria and the results obtained, we therefore suggest that, although certainly many factors contribute to the performance of each RRA, the kinetics in the RR may have a role, and that RRAs on average seem to prefer radioligands with higher V T,RR and K' 1 , and lower k' 2 .
Reference region approaches perspective. The ROI analysis results can be analyzed from the point of view of how each RRA performs across the considered radioligands. 11 C]DASB. We attribute the high percentage of outliers produced by FRTM more to noise in the TACs, which affects the convergence in the optimization process in the estimation of FRTM parameters, than to violations in the modeling assumptions. Similarly, precision, which is an issue with FRTM for many of the considered 
